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Network for Grasp Pose Estimation Based on Multi-level
Feature Collaborative Modeling
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Abstract: To address the problems of insufficient global semantic modeling, limited local
geometric representation, and difficulty in unified representation of multi-scale features in
complex scenes in grasp pose estimation, this paper conducted research centered on multi-level
feature collaborative modeling and constructed corresponding network methods on two perception
representations: two-dimensional images and three-dimensional point clouds. For two-
dimensional planar grasp tasks, PTUNet with parallel Transformer and ResUnet++ was
proposed. Through the bidirectional interaction between global semantic branch and local detail
branch, the joint prediction of grasp quality, angle, and width was realized. For six-degree-of-
freedom grasp tasks, CascadeGraspNet was proposed. Through the cascading local-global
optimization module and multi-scale cylinder sampling module, the abilities of local structure
perception, global context modeling, and cross-scale geometric aggregation of point clouds were
enhanced. Experimental results indicate that PTUNet grasp accuracy reaches 97.8% on the
Jacquard dataset; CascadeGraspNet average precision for known objects, similar objects, and
novel objects reaches 71.39%, 63.29%, and 28. 69%, respectively, on the RealSense subset of
GraspNet—-1Billion dataset, and it achieves the grasp success rate of 97. 8% in real-scene grasp
experiments. Therefore, multi-level feature collaborative modeling can effectively improve the
accuracy, robustness, and generalization capability of grasp pose estimation.

Key words: grasp pose estimation; multi-level feature collaborative modeling; deep learning;
Transformer; point cloud; six-degree-of-freedom grasp
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Table 3 Comparative experimental results on RealSense subset of GraspNet—1Billion dataset
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7 AP APO. 8 APO. 4 AP APO. 8 APO. 4 AP APO. 8 APO. 4
GPD 22.87 28.53 12. 84 21.33 27.83 9. 64 8.24 8. 89 2.67
PointnetGPD 25.96 33.01 15.37 22.68 29. 15 10.76 9.23 9. 89 2.74
GraspNet 27.56 33.43 16. 95 26. 11 34.18 14.23 10. 55 11.25 3.98
TransGrasp® 39. 81 47.54 36.42 29.32 34. 80 25.19 13.83 17. 11 7.67
TSBGrasp™ 58.95 68. 18 54. 88 52.97 63.24 46. 99 22.63 28.53 12.00
HGGD™" 58.35 66. 54 55.96 47.93 56.91 41. 86 22.10 27.37 14.31
GSNet™ 65.70 76.25 61.08 53.75 65. 04 45.97 23.98 29.93 14. 05
EconomicGrasp™”! 68.21 79. 60 63.54 61.19 73. 60 53.77 25.48 31. 46 13. 85
E3GNet™” 69. 56 78.35 66. 30 60. 84 72.81 52.07 26.74 33.12 15.43
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Table 4 Ablation experimental results on RealSense subset of GraspNet—1Billion dataset %
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N 65.70 76.25 61.08 53.75 65. 04 45.97 23.98 29.93 14. 05
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Table 5 Ablation experiment on cylinder neighborhood radius combinations of MCG module
(GraspNet-1Billion RealSense subset)

HARA A /m REH AP /% AP /% AP /%
{0. 02} PRBE(/N) 68. 43 60. 12 25.87
{0. 04} PR () 69. 77 61.34 26.92
{0. 06} R (R) 69.21 60. 98 26. 41
{0.02,0. 04} PAONA 70.32 62.17 27.63
{0.02,0. 06} R (5 R 70. 81 62. 54 28.01
{0. 02,0. 04,0. 06} =E 71.39 63.29 28. 69
{0.01,0. 02,0. 04,0. 06} LY NiS 71.12 63. 05 28.42
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